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1 Abstract
2 Purpose: Firstly, to examine whether heart rate variability (HRV) responses can be modelled 
3 effectively via the Banister Impulse-Response model (IR) when the session rating of perceived 
4 exertion (sRPE) alone, and in combination with subjective well-being measures, are utilised. 
5 Secondly, to describe seasonal HRV responses and their associations with changes in critical 
6 speed (CS) in competitive swimmers. Methods: Ten highly-trained swimmers collected daily 
7 1-min HRV recordings, sRPE training load, and subjective well-being scores via a novel 
8 smartphone application for 15-weeks. The IR model was used to describe chronic Root Mean 
9 Square of the Successive Differences (rMSSD) responses to training, with sRPE and subjective 
10 well-being measures used as systems inputs. Changes in CS were obtained from a 3-min all-
11 out test completed in Week 1 and 14. Results: The level of agreement between predicted and 
12 actual HRV data was R2=0.66±0.25 when sRPE alone was used. Model fits improved in the 
13 range of 4-21% when different subjective well-being measures were combined with sRPE, 
14 representing trivial-to-moderate improvements. There were no significant differences in 
15 weekly group Ln rMSSDMEAN (p=0.34) or HRV coefficient of variation (Ln rMSSDCV) 
16 (p=0.12), however, small-to-large changes (d=0.21-1.46) were observed in these parameters 
17 throughout the season. Large correlations were observed between seasonal changes in HRV 
18 measures and CS (∆Ln rMSSDMEAN: r=0.51, p=0.13; ∆Ln rMSSDCV: r=-0.68, p=0.03). 
19 Conclusion: The IR model and data collected via a novel smartphone application can be used 
20 to model HRV responses to swimming training and non-training related stressors. Large 
21 relationships between seasonal changes in measured HRV parameters (especially Ln rMSSDCV) 
22 and CS provide further evidence for incorporating a HRV-guided training approach.
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40 Introduction
41 The overarching aim of coaches is to design training programmes that are effective and 
42 sustainable, with the ultimate goal being to allow athletes to achieve maximal performance 
43 when it matters the most. Our understanding of effectively managing training programmes of 
44 athletes has advanced1,2, but sports practitioners and athletes still face the ever-lasting challenge 
45 of effectively monitoring and balancing the training stimulus and recovery whilst often 
46 operating under the constraints of limited resources and time. 
47 A promising method to monitor athletes’ adaptations to prescribed training involves 
48 monitoring of the cardiac autonomic nervous system, specifically its parasympathetic arm via 
49 the measurement of resting heart rate variability (HRV) and its day-to-day variation3. Indeed, 
50 HRV has been shown to be related to training load4-7, performance5,6, health8 and psychological 
51 status of athletes4,9 in various sports including swimming. Consequently, HRV has become a 
52 promising candidate for monitoring global responses of athletes to training1-4. Given this, 
53 Chalencon et al.6 explored the possibility of applying the Banister Impulse-Response (IR) 
54 model10 to describe the impact of training on nocturnal HRV measures in competitive 
55 swimmers over a 30-week period. The modelled HRV responses were compared with 
56 performance outcomes and Chalencon et al.6 not only showed excellent model fit to both HRV 
57 (R2=0.79±0.07) and performance responses (R2=0.84±0.14), but also observed strong positive 
58 correlations between the HRV and performance responses to training load. The authors 
59 consequently suggested that HRV may be used as a proxy to track the impact of training on 
60 athletes’ fatigue and adaptation status without interfering with training programmes to collect 
61 performance measures. However, considering the methodology utilised by Chalencon et al.6, 
62 some potential issues can be raised regarding the accuracy and practical applicability of the 
63 methods. Specifically, the authors collected HRV only once per week and utilised the high-
64 frequency (HF) component of HRV rather than averaging daily HRV measurements of the 
65 square root of the mean of the sum of the squares of differences between adjacent normal R-R 
66 intervals (rMSSD), which has been recommended and is a commonly used method in sports 
67 performance1,2. Additionally, the need to purchase heart rate monitors, to collect nocturnal 
68 HRV data, and to calculate training load as suggested by the authors would be challenging for 
69 regular swimming teams that typically have a large number of swimmers and limited resources, 
70 time and/or expertise. In addition to this, whilst nocturnal HRV measurements utilised by 
71 Chalencon et al.6 may theoretically provide better HRV recordings due to reduced impact of 
72 environmental factors during sleep2, there is also evidence that nocturnal measures do not 
73 capture the impact of psychological stress on HRV as well as morning measures, and therefore 
74 may not capture this important aspect of an athlete’s status11.
75 The recent development of affordable and easy-to-utilise smartphone technology has enabled 
76 the collection of daily HRV measurements, alongside measures of training load and subjective 
77 scores, in a valid and practically-feasible manner12. Therefore, the primary aim of the present 
78 study was to examine whether the findings of Chalencon et al.6 could be replicated when daily 
79 and morning 1-min recordings of rMSSD HRV measure collected via a novel smartphone 
80 application and the session rating of perceived exertion as a training load measure (i.e., a 
81 method utilised by most coaches) are utilised in the IR model as outputs and inputs, 
82 respectively. In addition, given that non-training related stressors can impact on athlete’s 
83 responses to training4,9, measures of several subjective indicators of recovery status will be 
84 combined with sRPE in order to examine whether the ability to model HRV responses 
85 improves. Finally, as there is a lack of studies that have obtained daily measures of HRV in 
86 response to longer training periods, an additional aim of the present study was to monitor HRV 
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87 responses and their associations with changes in critical speed, as a performance-related 
88 measure, in a group of highly-trained swimmers over one short-course season.
89 Methods
90 Subjects
91 A group of twelve healthy and highly-trained swimmers from the same swimming team 
92 volunteered to participate in the present study. Ten swimmers were included in the final 
93 analysis as two swimmers were excluded from the present study due to lack of compliancy 
94 with the required HRV procedures (Table 1). Ethical approval was received from the Research 
95 Ethics Approval Committee for Health at the University of Bath, and the study was conducted 
96 in accordance with the Declaration of Helsinki.
97 Insert Table 1 here
98 Design
99 The present study is an extension of the study recently published by Piatrikova et al.,13 which 
100 examined physiological, performance and technical changes in response to a 15-week training 
101 programme. Briefly, swimmers were prescribed with individualised high-intensity interval 
102 training (HIIT) (3 times.week-1) based on the critical speed (CS) and critical stroke rate (CSR) 
103 concepts, whilst overall training volume was reduced (≥25%). The study period represented a 
104 short-course swimming season (September-December) and included periods of overload, 
105 recovery, an overseas training camp (~1400-km flight travel, 1-h time-zone loss), and taper, 
106 which also led into a key race of the season. In addition to the 3-min all-out tests (3MT) 
107 completed at the beginning of the study (week 1)  and subsequently at the end of each training 
108 cycle (weeks 6, 11, 14), the swimmers were also asked to collect daily HRV, training load and 
109 subjective measures via a smartphone application that were subsequently utilised for the 
110 following purpose: 1) to model HRV responses to training load alone, or in combination with 
111 subjective well-being measures, using the IR model10; 2) to monitor week-to-week HRV 
112 responses of the swimmers to the designed 15-week programme; and 3) to examine 
113 relationships between changes (Δ)  in HRV and CS measures elicited over the season (from 
114 week 1 to week 14). Any training advice and results given by the HRV application was hidden 
115 from the athletes and coaches in the present study.
116 Methodology
117 Heart rate variability
118 Swimmers were instructed to perform a 1-min HRV self-measurement each morning upon 
119 waking in a supine position. Photoplethysmography (PPG) was utilised to acquire HRV 
120 readings via a smartphone application (HRV4Training)12. The rMSSD component of HRV was 
121 used in the present study due to its reliability and practicality1. To examine seasonal HRV 
122 responses, the rMSSD data were first log-transformed (Ln) to reduce non-uniformity of error 
123 and weekly (7 days) averages of Ln rMSSD (Ln rMSSDMEAN) as well as its coefficient of 
124 variation (Ln rMSSDCV= [Ln rMSSDSD/Ln rMSSDMEAN] x 100) were calculated. A 42-day 
125 exponentially weighted average of raw rMSSD (rMSSD42-EXP) was calculated using Equation 
126 1 and was utilised in the IR model as a representative marker of chronic training adaptation14. 
127 The IR models were first run with raw rMSSD values and were subsequently compared to 
128 models utilising Ln rMSSD data. The raw rMSSD values provided a better overall model fit 
129 than Ln rMSSD (R2: 0.59±0.37 vs 0.52 ± 0.39) and so raw rMSSD values were used for IR 
130 modelling. The rMSSD42-EXP calculation was initiated with the mean rMSSD value observed 
131 across the first seven days of the monitoring period.
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134 𝑟𝑀𝑀𝑆𝐷 𝐸𝑊𝑀𝐴𝑡𝑜𝑑𝑎𝑦 =  𝑟𝑀𝑀𝑆𝐷𝑡𝑜𝑑𝑎𝑦 ×  𝜆𝛼 + ((1 ― 𝜆𝛼) ×  𝑟𝑀𝑀𝑆𝐷 𝐸𝑊𝑀𝐴𝑦𝑒𝑠𝑡𝑒𝑟𝑑𝑎𝑦




137 Upon completion of HRV measurement, the swimmers were asked to report their training load 
138 for the preceding day within the HRV4Training application. The athletes were asked to provide 
139 an intensity score (Borg CR-10 scale) and duration (minutes) of their previous day’s training 
140 sessions, which were subsequently multiplied to calculate a daily sRPE score in arbitrary units 
141 (A.U.)15.
142 Subjective well-being scores
143 The psychometrics were recorded daily and immediately following HRV recordings via the 
144 HRV4Training application. The swimmers were asked to subjectively rate their sleep quality, 
145 lifestyle stress, motivation, mental energy, fatigue and muscle soreness on a scale which was 
146 assigned with a 1-100 score by the application.
147 The Banister Impulse-Response model
148 The mathematical relationship between training loads (system input) and rMSSD42-EXP (system 
149 output) was modelled for each athlete via the two-component IR model10. This model is 
150 characterized by two gain terms (k1 and k2) and two time constants (τ1 and τ2) for the positive 
151 (adaptation) and negative (fatigue) component, respectively, and an initial performance level 





157 Additional terms were linearly added on to this model to incorporate subjective well-being data 
158 as an additional input. The model parameters were determined by minimising the Sum of 
159 Squares Error (SSE) between estimated and measured rMSSD42-EXP using the dorem package 
160 in R Studio (RStudio, Inc., Boston, USA) designed by Jovanovic and Hemingway16 and a 
161 customised spreadsheet based on Clarke and Skiba17, which provides a step-by-step procedure 
162 for fitting the IR model using the Solver function in Excel.
163 Critical speed
164 To assess the relationships between change in the HRV parameters and performance-related 
165 measure during the investigated period, ΔCS was established from the 3MT completed by 
166 swimmers in weeks 1 and 14. CS was chosen as it represents both a valuable performance and 
167 physiological variable13.
168 Statistical analysis
169 The data are presented as means, standard deviations (SD) and 95% confidence limits. To 
170 evaluate changes in Ln rMSSDMEAN and Ln rMSSDCV throughout the season, one-way repeated 
171 measures ANOVA and effect size statistics were utilised. Standardised differences in mean 
172 values were calculated using thresholds described by Hopkins et al.18, where 0-0.2 was trivial, 
173 0.2-0.6 was small, 0.6-1.2 was moderate, 1.2-2.0 was large, 2.0-4.0 was very large, and >4.0 
Page 5 of 20
Human Kinetics, 1607 N Market St, Champaign, IL 61825
International Journal of Sports Physiology and Performance
For Peer Review
174 was extremely large. A bivariate Pearson correlation was utilised to assess relationships 
175 between ΔLn rMSSDMEAN and ΔLn rMSSDCV and ΔCS from week 1 to 14. Default correlation 
176 thresholds were 0.1, small; 0.3, moderate; 0.5, large; 0.7, very large; 0.9, nearly perfect19. To 
177 assess differences between the IR model fit (R2) to actual rMSSD42-EXP data when sRPE was 
178 combined with different subjective scores as opposed to sRPE only, standardised differences 
179 and paired samples t-tests or the Wilcoxon signed-rank test were used. The Wilcoxon signed-
180 rank test was performed on data showing non-normality. Statistical significance was set at 
181 p<0.05.
182 Results
183 Weekly HRV responses
184 The changes in average weekly Ln rMSSDMEAN and Ln rMSSDCV along with average weekly 
185 sum of sRPE are illustrated in Figure 1. There were no statistically significant differences 
186 between weekly Ln rMSSDMEAN (F(4.85, 43.64)=1.17, p=0.34) or weekly Ln rMSSDCV (F(5.29, 
187 47.57)=1.86, p=0.12), however, small-to-large effect size changes were observed.
188 Insert Figure 1 here
189 Correlations between seasonal changes in HRV and CS
190 There was a large but non-significant correlation between ΔLn rMSSDMEAN vs ΔCS (r=0.51; 
191 p=0.13), whilst the correlation between ΔLn rMSSDCV and ΔCS was large and significant (r=-
192 0.68, p=0.03) (Figure 2).
193 Insert Figure 2 here
194 Modelling HRV using sRPE
195 The mean and individual swimmers’ values of the gain and time delay constants, and p are 
196 illustrated in Table 2. Figures 3-5 illustrate model fit to actual rMSSD42-EXP data in individual 
197 swimmers when sRPE was used as the system’s input. The IR model produced high goodness-
198 of-fit (R2) to rMSSD42-EXP (mean ± SD: R2=0.66 ± 0.25; SSE= 2278 ± 2025 ms), with individual 
199 R2 values ranging from 0.21 to 0.98.
200 Insert Table 2 here
201 Modelling HRV using sRPE and subjective well-being scores
202 Mean R2 improvements in the range of 4-21%, representing trivial-to-moderate effects, were 
203 observed when sRPE was combined with one of the subjective well-being measures (Table 3). 
204 Only addition of mental energy and motivation score to sRPE resulted in statistically significant 
205 improvement in the model fit. Additionally, combination of sRPE with the subjective 
206 parameter which resulted in the best model fit within individual swimmers resulted in 
207 statistically significant improvement in the model fit. Figures 3-5 illustrate a model fit 
208 improvement when sRPE and the best subjective well-being measure for each individual were 
209 combined.
210 Insert Figures 3-5 here
211 Insert Table 3 here
212 Discussion
213 The principal finding of the present study is that HRV can be modelled effectively using an 
214 Impulse-Response model and sRPE. Additionally, when sRPE was combined with different 
215 subjective well-being measures as the system’s input, the fit of the model to the HRV data 
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216 improved in the range of 4-21%, representing trivial-to-moderate improvements. Finally, 
217 although changes in Ln rMSSDMEAN and Ln rMSSDcv were statistically non-significant, small-
218 to-large changes were observed in these parameters throughout the season, with Ln rMSSDcv 
219 appearing more sensitive to changes in training programme. When the seasonal changes in the 
220 HRV measures were related to the corresponding changes in CS, large correlations were 
221 observed, indicating that athletes who experienced larger increases in Ln rMSSDMEAN and 
222 decreases in Ln rMSSDCV achieved greater improvements in CS. 
223 A high goodness-of-fit between predicted and actual rMSSD42-EXP(R2=0.66±0.25) was 
224 observed in the present study. This is, however, numerically lower compared to the findings of 
225 Chalencon et al.6 who observed an R2 of 0.79±0.07. This is somewhat surprising considering 
226 that the HRV methods utilised in the present study were arguably more valid1,2,11. The lower 
227 model fit could, however, be attributed to taking morning measures as opposed to nocturnal, 
228 which tend to be affected by psychological stress to greater extent than nocturnal measures11. 
229 Alternatively, the lower model fit might be related to the data utilised as the system’s input. 
230 Chalencon et al.6 calculated training load as the sum of pool-kilometres swum and the dry-land 
231 workout equivalent, which were exponentially weighted according to seven intensities. The 
232 present study used sRPE, which is considered to be a valid method of calculating training load20, 
233 however, it may be that this approach was not able to capture the training load as effectively. 
234 Nonetheless, it is important to note that one of the main aims of this study was to explore 
235 whether a simpler method can be used to model HRV. Indeed, when subjective well-being 
236 scores were combined with sRPE as the model’s input, the accuracy of the model improved 
237 substantially, and matched or exceeded the model fit observed by Chalencon et al.6. As 
238 illustrated in figures 3-5, the magnitude of model fit improvement is likely athlete-dependant 
239 and provides further evidence for incorporating multiple measures when modelling responses 
240 to training21. 
241 There was no statistically significant change in Ln rMSSDMEAN, despite the programme 
242 including periods of overload, taper and travelling, which have been shown to influence 
243 HRV1,4,5,22. Our results are in contrast with studies of Garet et al.5 and Flatt, Hornikel and Esco4, 
244 who observed significantly reduced HRV during an overload period, which either peaked or 
245 returned to baseline values during the taper in competitive swimmers. Importantly, both Garet 
246 et al.5 and Flatt, Hornikel and Esco4 established ‘baseline’ HRV values from the week 
247 preceding the overload period, whilst the baseline in the present study was collected in week 
248 1. Indeed, whilst not statistically significant, there was a small reduction in Ln rMSSDMEAN 
249 during the training camp, after which Ln rMSSDMEAN changed only trivially. When assessed 
250 on an individual basis, however, substantial inter-subject variability was evident (Figures 3-5). 
251 This along with three swimmers not attending the camp could therefore explain why changes 
252 in Ln rMSSDMEAN were non-significant and mostly trivial when assessed on a group level. 
253 Stable or increasing HRV generally indicates athletes are coping well with training, whilst 
254 decreasing HRV could be indicative of athlete’s inability to adapt to designed 
255 training/increased stress. Although training sessions were prescribed in an individualised 
256 manner13, differences in the swimmers’ HRV responses provide evidence that some athletes 
257 responded to the prescribed training more favourably than the others. Indeed, Vesterinen et 
258 al.23 showed that initial HRV values should be considered when designing training programme 
259 for individual athletes, as the athletes who had higher baseline HRV benefited more from the 
260 higher intensity programme than athletes with lower baseline HRV. Alternatively, the timing 
261 of an overload period or HIIT appears important and should ideally coincide with the time 
262 when athletes’ HRV is stable or trending positively24-25. Given that this was not considered in 
263 this study, as is often the case in applied practice, scheduling of HIIT and an overload period 
264 may have not been optimal in some athletes.
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265 Changes in Ln rMSSDCV were also statistically non-significant, although Ln rMSSDCV 
266 appeared more sensitive to changes in training programme. Specifically, after the first two 
267 weeks of training intervention, there was a small reduction in Ln rMSSDcv from week 3 to 4. 
268 This remained stable and below baseline values until commencement of an overseas training 
269 camp where a moderate increase in Ln rMSSDcv was observed. Once swimmers returned to 
270 normal training schedule, small week-to-week reductions in Ln rMSSDcv were observed up to 
271 the start of week 13 (“stress/illness” week). In this week a moderate increase in Ln rMSSDcv 
272 was observed, however, this was reversed during the taper, where Ln rMSSDcv declined 
273 moderately. Following taper, week 15 (i.e., competition week) was characterised by a large 
274 increase in Ln rMSSDcv. Our results are somewhat in agreement with Flatt, Hornikel and Esco4 
275 who observed significantly greater Ln rMSSDCV during a 2-week overload period compared to 
276 the week preceding this period (6.7% vs. 10.1%; moderate increase), which returned to baseline 
277 values during subsequent 2-week taper. Given that Ln rMSSDCV is believed to represent the 
278 fatigue-recovery processes3-4, the following suggestions could be made based on the observed 
279 results: 1) the reduction of Ln rMSSDCV from week 3-4 and maintenance of reduced values up 
280 to week 7 could be indicative of positive responses to the designed programme3; 2) the increase 
281 in Ln rMSSDcv during the overseas camp could be indicative of greater stress and decreased 
282 ability to cope with designed training, probably due to increased amount of training as well as 
283 differences between training environments4,22 ; 3) upon return to normal training schedule, Ln 
284 rMSSDcv continuously declined indicating improved ability to cope with the training until 
285 week 13; 4) despite week 13 being a normal training week, increased Ln rMSSDcv could be 
286 explained by non-training related stress or illness experienced by the majority of swimmers8-9; 
287 5) this was subsequently reversed during the taper, where the window of opportunity for 
288 physical and mental recovery was greater; 6) a large increase in Ln rMSSDcv in week 15 could 
289 be attributed to travelling, increased anxiety levels associated with key competition, and racing 
290 multiple times during the day over several days.
291 The analysis of the relationships between ΔHRV indices and ΔCS revealed large correlations. 
292 Our findings are in agreement with Flatt and Esco3, who observed that a greater decrease in Ln 
293 rMSSDCV (r=-0.74) and increase in Ln rMSSDMEAN (r=0.50) within the first 3 weeks of training 
294 period were related to greater improvements in YoYo testing. However, Plews et al.26 observed 
295 greater correlations between ΔLn rMSSDMEAN and Δ10 km TT(r=-0.76) and Δmaximal aerobic 
296 speed(r=0.72) after 9-week training. The differences could be related to the performance 
297 outcomes utilised to assess this relationship. Whilst CS is a performance-related measure, this 
298 parameter represents a sub-maximal intensity/threshold, and so HRV may have a stronger 
299 relationship with measures which represent athlete’s maximal capacity. Despite this, the 
300 findings of this study provide further evidence for utilising HRV-guided approach to optimise 
301 training outcomes, which has been shown to elicit smaller day-to-day HRV variation and 
302 superior adaptations when compared to non-guided, predefined training programmes24-25.
303 This study has some limitations that must be highlighted. There was a lack of direct 
304 performance measurements, which prevented us from examining relationships between HRV 
305 and performance responses. In addition to this, the R-code that was utilised to combine sRPE 
306 and subjective well-being measures to model HRV did not work in some participants due to an 
307 unexplained error with the optimisation function, which prevented us from making 
308 recommendations as to which subjective well-being measure improved the model-fit to the 
309 greatest extent. For coaches, the HRV4Training application provides correlations between 
310 individuals’ HRV metrics and their subjective well-being measures, which could be used to 
311 determine which well-being measure is most relevant for each athlete. The relatively small 
312 cohort used in this study hindered our ability to detect group-level differences and correlations 
313 in outcome measures. Finally, although the swimmers undertook a familiarisation with the app 
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314 prior to the study, and all data were revised every morning, we did not directly supervise each 
315 swimmer in order to replicate an applied environment. Therefore, some swimmers might have 
316 not recorded training load, subjective well-being and/or HRV data optimally on some occasions.
317 Practical applications
318 This study showed that HRV can be modelled effectively when simple methods such as sRPE 
319 and subjective well-being scores are combined in the IR model. Given that HRV is related to 
320 performance6, the inclusion of HRV could reduce the burden of repetitive performance testing, 
321 which currently limits the use of this model for monitoring and planning the training process. 
322 Coaches and athletes often operate with limited resources and time, and so the approach used 
323 is feasible to collect these data on a daily basis without compromising on validity. Although 
324 we did not examine the effect of a HRV-guided programme on swimming, the results from this 
325 study provide some evidence for utilisation of this approach in swimming training, given the 
326 relationships we observed between HRV indices and CS, as well as between-swimmer 
327 differences in HRV responses. Given that the role of the coach is to provide athletes with a 
328 programme that allows individuals to maximise their potential, HRV and subjective well-being 
329 measures could allow coaches to take the principle of individualisation a step further. 
330 Specifically, as demonstrated by previous studies24-25, HRV monitoring can assist coaches with 
331 decision making related to planning and optimal timing of HIIT sessions or intensive training 
332 blocks, which are typically standardised and prescribed subjectively in most swimming clubs. 
333 Alternatively, given that these monitoring systems collect data related to individual’s recovery 
334 processes too, the combination of this data with training load and HRV can now assist 
335 practitioners with making more informed decisions as to what steps are required to optimise 
336 individual’s HRV status, rather than opting for reduction in training as typically done.
337 Conclusion
338 In conclusion, the results from the present study demonstrate that HRV can be modelled with 
339 good accuracy when simple methods such as sRPE and HRV collected via a smartphone 
340 application are utilised in the Impulse-Response model. The accuracy to model the HRV 
341 improved meaningfully when subjective well-being measures were added into the model, 
342 suggesting the use of multiple variables when mod lling HRV. Whilst there were no 
343 statistically significant differences in weekly Ln rMSSDMEAN or Ln rMSSDCV, small-to-large 
344 effects were observed in these parameters throughout the season, with Ln rMSSDCV appearing 
345 more sensitive to changes in training programme than Ln rMSSDMEAN.  Finally, seasonal 
346 changes in the investigated HRV parameters were related to seasonal changes in CS, providing 
347 further evidence for incorporating HRV-guided training approach to facilitate optimal training 
348 prescription in individual swimmers.
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432 Figure captions
433 Figure 1. Mean Ln rMSSDMEAN and Ln rRMSSDCV responses and weekly average sum of the 
434 sRPE for the 15-week period. Grey shaded area represents the smallest worthwhile change. S, 
435 M and L refer to small, moderate and large effect sizes, respectively. The effect size values 
436 reported below and above the “line of mean responses”, represent consecutive week-to-week 
437 changes and changes from baseline (week 1) values, respectively. Error bars represent 95% 
438 confidence limits for Ln rMSSDMEAN and Ln rRMSSDCV and standard deviations for sRPE. 
439 Stress/illness refers to a week when majority of swimmers (i.e. six swimmers) experienced 
440 non-training related stress and/or illness.
441 Figure 2. Relationships between seasonal changes (Δ) in critical speed (CS) and heart rate 
442 variability measures of Ln rMSSDMEAN (A) and Δ Ln rMSSDCV (B) (n=10).
443 Figure 3. Modelling HRV responses using sRPE alone and in combination with the best 
444 subjective well-being score in the swimmers 1-4.
445 Figure 4. Modelling HRV responses using sRPE alone and in combination with the best 
446 subjective well-being score in the swimmers 5-8.
447 Figure 5. Modelling HRV responses using sRPE alone and in combination with the best 
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452 Table captions
453 Table 1. General and performance characteristics of the swimmers.
454 Table 2.   Estimates of model parameters using the Banister model.
455 Table 3. Comparison of the model fit (R2) when sRPE in combination with subjective well-
456 being scores is used to model HRV responses.
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Figure 1. Mean Ln rMSSDMEAN and Ln rRMSSDCV responses and weekly average sum of the 
sRPE for the 15-week period. Grey shaded area represents the smallest worthwhile change. S, 
M and L refer to small, moderate and large effect sizes, respectively. Error bars represent 95% 
confidence limits for Ln rMSSDMEAN and Ln rRMSSDCV and standard deviations for sRPE. 
Stress/illness refers to a week when majority of swimmers (i.e. six swimmers) experienced 
non-training related stress and/or illness. 
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Figure 2. Relationships between seasonal changes (Δ) in critical speed (CS) and heart rate 
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Figure 3. Modelling HRV responses using sRPE alone and in combination with the best subjective wellness score in the swimmers 1-4. Best 
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Swimmer #7 Swimmer #8 
ModelsRPE ModelsRPE+WELLNESS SCORE 
Figure 4. Modelling HRV responses using sRPE alone and in combination with the best subjective wellness score in the swimmers 5-8. Best subjective 
wellness score for swimmer 5 and 7: fatigue; swimmer 6: life-stress; swimmer 8: mental energy. 
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Swimmer #9 Swimmer #10 
ModelsRPE ModelsRPE+SLEEP QUALITY 
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st and 2nd main event 
1st Main 
event PB 
(% WR)*  
S1 M 15 184 71 7 100 m; 200 m butterfly 82% 
S2 F 15 177 65 7 200 m, 100 m backstroke 86% 
S3 F 17 180 77 7 100 m; 200 m freestyle 85% 
S4 M 14 180 59 6 200 m, 100 m backstroke 78% 
S5 M 16 180 70 6 200 m; 100 m freestyle 81% 
S6 F 15 165 57 8 100 m; 200 m butterfly 81% 
S7 M 16 180 67 8 200 m; 100 m freestyle 79% 
S8 M 17 182 73 10 100 m; 200 m backstroke 83% 
S9 M 15 178 59 5 100 m; 200 m breaststroke 82% 
S10 F 17 163 53 8 200 m; 100 m freestyle 90% 
Mean    16 177 65 7   83% 
SD ±   1 7 8 1   4% 
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p, initial level of rMSSD42-EXP component of HRV; k1 and k2, multiplying factors for the positive and negative component of HRV, respectively; 
τ1 and τ2: time constants of decay for positive and negative components of HRV, respectively. 
 
 
Swimmer p (ms) k1 (AU) k2 (AU) τ1 (days) τ2 (days) 
S1 107 0.064 0.064 12.09 9.92 
S2 49 0.038 0.038 60.00 58.07 
S3 122 0.006 0.003 5.19 4.00 
S4 44 0.047 0.047 25.08 24.35 
S5 150 0.049 0.052 11.51 11.50 
S6 92 0.006 0.006 22.26 19.01 
S7 109 0.010 0.010 19.01 16.21 
S8 212 0.017 0.017 60.00 59.90 
S9 131 0.031 0.032 44.19 44.10 
S10 117 0.007 0.009 36.93 28.88 
Mean 113 0.027 0.028 29.63 27.59 
SD 48 0.021 0.022 19.81 19.97 
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Model fit - R2 (%) 
Subjective wellness parameter sRPE only Combined model Improvement p Effect size 
Life stress (n=7) 64±28 79±16 15±18 0.07 0.64 (moderate) 
Mental energy (n=9) 64±25 80±21 16±17 0.01 0.67 (moderate) 
Motivation (n=10) 66±25 82±17 16±20 0.01 0.77 (moderate) 
Sleep quality (n=8) 72±24 75±30 4±11 0.12 0.13 (trivial) 
Fatigue (n=7) 72±21 79±17 7±23 0.18 0.37 (small) 
Muscle soreness (n=7) 68±28 87±9 19±24 0.09 0.91 (moderate) 
Individuals’ best marker (n=10) 66±25 87±11 21±19 0.01 1.10 (moderate) 
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